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ABSTRACT

The bulk shipping market is seasonal, cyclical and highly volatile. Due to the nonstationary and nonlinear nature of
price series and the complexity of influencing factors, it is difficult to analyse the fluctuations in the bulk shipping
market.Baltic dry index (BDI) has has been devel oped by the Baltic Exchange to reflect the overall fluctuation level
of international dry bulk shipping market. Nowadays, BDI causes widespread concern by the shipping industry as
well as the academic world about its characteristics and volatility. In this study, the EGARCH model was employed
to analyze the leverage effect among the four kinds of BDI. The results of empirical analysis shows that all series of
daily BDI rates of return have obviously leverage effects. For the Capesize and Panamax shipping markets, the
leverage effects are positive, since good message on Capesize and Panamax shipping markets are greater than the
bad news. For the Supramax and Handysize shipping markets, the leverage effects are negative. It indicates that
effects of bad news on RBS and RBHS are greater than those of good news.
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INTRODUCTION

Baltic dry index (BDI) has been developed by thdtiBaExchange to reflect the overall fluctuatiorvdé of
international dry bulk shipping market. BDI is texdha leading economic indicator to international tulk
shipping markets. According to the differences lipssizes, the dry bulk shipping markets are dididtgo four
types: Handysize, Supramax, Panamax and Capesitéc Bhipping Exchange issues the daily dry biiipging
indexes of different ship sizes as Baltic HandyeSidex (BHSI), Baltic Supramax index (BSI), BalRanamax
index (BPI) and Baltic Capesize dry bulk shippingdx (BCI). In recent years, due to the impactsheffactors
such as international politics, economies, sodedied supply-demand relationship, the violent @latibn of BDI
makes it difficult for dry bulk shipping stakehotdeto make decisions. Consequently, researcheshef t
characteristics to the volatility of dry bulk shipg markets is of great importance to avoid therafen risks both

in theories and practices.

Numerous domestic and foreign scholars has made stady on dry bulk shipping market. Ming-Tao CIHz{{8)
applied fuzzy time series model to forecast theiB&ry Index (BDI) index because fuzzy time senmesdels has
been applied to forecast various problems and lmen shown to forecast better than other modelg{diir
H.Aizadeh-M and Manolis G. Kavussanos (2001) eithét the single variable Seasonal ARIMA-SARIMA rahd
the multivariate Cointegration season total volunaael and the VAR model to study the index|[2]. hg]iW Fang,
C Qinghui (2006) investigate the fluctuation lawtlé index in order to draw the inherent regulattitgt the index
fluctuates on the Baltic Sea freight rate index KB&PI) in world dry bulk shipping market and thieanging rate of
logarithm of Hyde's freight rate index (JEHSI)[3)4& Adland and Kevin Cullinane (2006) first apphg teconomic
variables non-parameter model to the freight rateket to analyze the dynamics of tanker freighesan the
market[4]. He pointed out that the volatility ofetlspot freight rates increase with the rise ingfei Through the
establishment of Autoregressive conditional heterdasticity model (ARCH) . AH Alizadeh, NK Nomik@§(03)
found evidence that, in the market for ships, iases in trading activity lead to a reduction in keawolatility[5].
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G Bakshi, G Panayotov, G Skoulakis (2011) showed the growth rate of the Baltic Dry Index has jctde

ability for a range of stock markets, which is destoated through in-sample tests and out-of-sarstaliéstics[6].
Jiang Y, Xiao J (2013) used the ARMA model on tlgmal Kalman filter based on the covariance intetise. Ye
W (2013) used the optional combination model dégayi the results of nearly 16 Summer Olympics méis
meter hurdles the overall level of variation, ateddevelopment achievements prediction methodheraptimum
combination provided a new approach[7]. KoopmanS.T1999) analyzed the cyclical fluctuations regagdhe
tanker freight rate and oil tanker constructiortresobject[8]. Okan Duru (2010) developed an impwbiuzzy time
series method via adjustment of the latest vala®faand previous error patterns to forecast tlyebditk shipping
index[9]. DR Glen (2006) provided an overview bétdevelopment of the quantitative modelling teghas that
have been applied to the analysis of dry bulk shgpmarkets[10]. Engle,R.F. and V.K. Ng (1993) mrdwthat the
impact of asset markets exist asymmetric effecsnaly Leverage effect[11]. Glen found that the éartanker
facing more risk than the smaller tanker. The msnagement of the ship in time charter market iallemthan in
the spot market[12].

Previous studies mostly described the volatilitareleteristics of BDI. While, the four dry bulk shipg markets
react differently for the good news and the bad smiefihe inter-relationship among the four dry butiipping

markets are referred to as leverage effect of BDbrder to analysing the leverage effect amongfdhe kinds of
BDI in the dry bulk shipping market, the EGARCH nebavas proposed and empirical studies was alsoumed
by this paper. The outline of this paper is aofei. In the introduction section, the backgrounthed study as well
as a brief review of the previous literature isvded. The next section will give out the methodpylodata
collection and processing. And then, the EGARCH ehoeflecting the leverage effect among the fomdkiof BDI

are presented and empirical analysis is condu€edclusions are given in the last Section.

DATA COLLECTION AND PROCESSING

BDI is a comprehensive index which consists of BB4ltic Capesize Index), BPI (Baltic Panamax IndeBiiSI
(Baltic Handysize Index) and BSI (Baltic Supramagéx). The 849 valid sample data are four kindgritfe series
BCI, BPI, BHSI, and BSI, which is from October 101® to February 27, 2014, acquiring from the shigpi
intelligence network Clarkson. The abscissa shdwsnumber of data, and the ordinate representghfrédex.
The trend of four freight index is demonstratedadlein figure 1(a)-(d). We can make preliminarggments that
the four types of index volatility are very largedaunstable.
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To depict the freight index's volatility, we chessfreight rate of return as the research objdut. ffeight rate of
return calculation formula is
Rt = |n Pt - In Pt—l (1)

Among them, P, is the freight indexiR is the freight index rate of return.

In order to make the data more smoothly, we profmsstypes of dry cargo freight rate index respety of first
order difference. Getting logarithmic one orderfatiénce of these data, the tendency of the fraigtax rate of
return is shown in figure 2(a)-(d):
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To test the stationarity of the new data, we usaugual way of unit root test method. Thus, the A&8t method is
used to judge where the rates of return have thaaot. The results are shown in tablel takinglégeof 20:

Tablel | unit root test of rate of return

RBCI RBPI RBHI RBSI
ADF test value -13.22160 -9.773134 -6.917043 -74890
1%critical value  -3.437856 -3.437856 -3.437856 33846
5%critical value  -2.864742 -2.864742 -2.864742 862738
10%critical value  -2.568529  -2.568529 -2.568529 568527

As we can see from the table, the value of T tasistics is less than the corresponding critigalie under 1%, 5%,
and10%. We could conclude that RBCI, RBPI, RBHSBSRis smooth, which is identical with the reseaath
foreign scholars that financial asset price is ligdlctuant and the rate of return are generaltyooth. Then basic
statistical characteristics of RBCI, RBPIl, RBHSB®R are analysed by using Eviews, and the fourcbstsitistical

characteristics of rate of return are shown in@u(a) - (d) :
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As we can see the new data is disobedient to #matd normal distribution. These four rates afinretseries are
typical of financial time series with spikes heawijled characteristic. However, classical leastasgumethod
assumes the errors are not related to seriesalt@stant number, so classical least square ohetnmot be used
in this analysis. We could use EGARCH model to yamhnd process these data.

EGARCH MODEL AND EMPIRICAL ANALYSIS

Recent residuals have an effect on current resdmah large number of financial time series, o diffects of
variance are ignored when using the least-squaedisash. The traditional time series prediction mdtisono longer
suitable for Heteroskedasticity sequence prediatemearch. EGARCH model was put forward by D. Blsbie in
the financial market research in 1991 on the bakiGeneralized Autoregressive Conditional Heterdslsicity
(GARCH) model EGARCH model is an important extensid the GARCH model. It is an analysis of testadat
fluctuation to present the econometric method of-si@ationary, considering the Leverage Effect. $akection of
variables is based on the Normal distribution.

The EGARCH model are as follows
E =0/,
Ino*f=c¢)+ia'ig(/7t_i)+zpﬁj Ino?, 2
i=1 j=1
9(7.) =6n, + yiin| —E(n.)]
In practice, the middle equation of formula (2) kcble simplified as:

gt—i

9
Ino?=w+> (6
i=1

£, _. P
+y )+ B Inal,
J j:1

t=i t-i

where &, is the disturbance att day, | I,_, ~ N (0,07 )./], is the white noise sequence (independent idehtical
distributed, the mean to 0, the variance ob.‘lﬁ,is the conditional variancé, is the t stage information collection,
the constant termv reflects the volatility of the long-term average> O, @; is the Return coefficient The larger it

shows that the market movement reflected more guidad the volatility is Ionger,[S’j is lag coefficient. The
larger number can show the greater fluctuationsl, @e longer the duration of the impact on the @il
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variances need a long period of time to disapgeaeflects the impact of external shocks in the degof price
volatility in the financial markets. The impact external shocks on the dry bulk market is asymméty Z 0.

If )y <0,it means the leverage effect is obvious.

The analysis of table 1 shows that the positiveaicbpand negative impact on freight index rate dfire are
different from the same degree of shipping mankgtact. The examination results of parameters foARGH(1,1)
model are in table 2:

Table 2 Examination Results of Parametersfor EGARCH(1,1) model

RBCI RBPI RBHI RBSI

Average value Equation AR(Y] 0.887982  1.238446 4838 | 0.888204

AR(2) | -0.218463| -0.34944¢ - -
w -2.359944 | -1.992968 -1.46727 -0.456078

2
Variance Equation g | 0.687554| 0.63728 0.281728 0.165866

6

g

1
)4 0.095585| 0.171850 -0.08159 -0.201093
0.967379

B 0.761242 | 0.840671  0.88421

We could obtain the regulation from EViews that thatocorrelation function is trailing and the palrti
autocorrelation function is truncated. As we camfsem table 1, the RBCI and RBPI come into beiR(2) model,
meanwhile RBHSI and RBSI are AR(1) model. It isye&s write the mean equation, the conditional var&a

equation being obtained by the following parametémamete|t9l stands for the return coefficient. The larger the

parameter is, the greater volatility of the manketvements reflects. It means that the RBCI is nserssitive to the
fluctuations in freight market than RBPI. While tRBHSI is close to RBSI, both of them are not Saresthan the

former two series. Paramel;é’{ stands for the lag coefficient, and the largersjtthe longer duration of the

fluctuation continues. Though the continuity of floer groups of series is on the contrary. The tiomaof RBSI
continues longer than other series. In other wardsll take a long time for the RBSI to confontetimpact on the
conditional variances. By contrast the RBCI wilesg less time in calming the fluctuations.

When the confidence level is set for 95%, the rafeeturn of four ship types have obviously lewgr&ffect. In the
shipping market, the bad news and the good newsdréight index rate of return are different. Foe tBaltic

Capesize ship and the Baltic Panamax ship, thenpdeas are positive. Samples in the information raoé

symmetrical, and leverage effect is significant,aasnatter of fact that the effects of good messageBaltic

Capesize shipping market are greater than the kag.nThe Baltic Supramax ship and Baltic Handysiag

parameters are negative. It indicates that the evdirgight index affected by bad news is greatantthe good news
effect.

CONCLUSION

The four types of dry cargo freight rate index eegarded as sample data. After analyzing the bstaiistical
characteristics of these data, the rate of retoesdot conform to the normal distribution. Its refuderistic feature
has spikes and heavy tail, and the variance of¢hes changes as the time passing by, with theiliyl clustering.
After considering the leverage effect of dry cafigaght rate of return, we forecast dry cargo freigate index by
using Eviews. Foreign scholars studied Leveragecefbn stock market earlier and more thoroughlyhjlev
domestic researchers paid less attention to ialllrsion to shipping market, academic researchasenabout dry
bulk freight index volatility. So it is very necesy to study the leverage effect about the shippimayket.
Comparing actual data with predicted data undeemagion period, we find that EGARCH model is shi¢afor the
prediction.

Leverage effect refers that the freight rate ofimetbehaves differently to the same degree of impatwen bad
news and good news. In a mature market econonot, @& kempirical studies have found that bad newsed the
rate of return falls more than the same degreesitipe news caused rate of return rises. Throbghestimation of
the model, we found that volatility reflects diféetly due to the actual dry bulk shipping markétiping market
has a joint effect that one change of market maels to cause changes of another fluctuation. Wer is bad
news, the freight index expected yields fall white volatility tends to increase. When good newse® at a time,
the expected rate of return rises, and the vdiatilill tend to decrease. The EGARCH model hasyebtto explain
the leverage effect so next step for the reseado itake volatility phenomenon into consideratiordry bulk
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shipping market. We could improve the EGARCH mddelthe purpose of more accurately using in préuatcthe
volatility of freight index.
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